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Introduction
14
Transcranial magnetic stimulation (TMS) is a technique for stimulating a target area of the brain in a non-invasive 15 manner. Impulsive and intense current injected into a stimulation coil located just above the scalp induces a focal 16 electric field (E-field) in the brain. Single-or multiple (repetitive)-pulse TMS is often used for diagnosis in pre-17 surgical identification of motor and language functions, as well as for therapy, such as that for neuropathic pain 18 and enhancing motor recovery [1] . Bottlenecks in TMS-based diagnosis include its reliability being dependent on the 19 experience of the operators, the time needed for the diagnosis, as well as the choice of optimal stimulation parameters.
20
The stimulation strength of TMS has been thought to be maximal just below the coil center, where the coil current 21 is at its maximum. However, recent experimental and computational studies suggested that the maximal stimulation Recently, computational studies have been conducted to estimate the E-field in certain subjects by using volume 25 conductor models based on subject-specific human head models. The E-field is known as the main physical agent,
26
and notably, its relative direction to neural structures is also important. From a practical viewpoint, it is used as a sur-27 rogate for stimulation volume. The effectiveness of such modeling has been confirmed by comparing computationally 28 estimated volumes with those identified by direct electric stimulation measured in neurosurgery studies [9, 10] . This 29 computational approach is helpful for planning diagnoses and therapy.
30
A concern associated with this approach is that the computational cost is generally substantial, including the cost 31 associated with the development of a subject-specific human head model and computation using a volume conductor 32 model. The latter takes tens of seconds to a few minutes to estimate the E-field in the brain for one location and 
which directly regresses E-fields from only T1 MR without using the time-consuming segmentation software (e.g.,
46
FreeSufer). This is a data-driven approach for E-field estimation: the mapping from only T1 MR images to E-47 fields is performed using training data consisting of a large number of pairs of T1 MR images and the corresponding 48 E-fields. The mapping is represented by parametric models based on deep convolutional neural networks, which are 49 hierarchically structured with convolution, max-pooling, and up-sampling layers. We employed a network architecture
, which is a fully convolutional network with multi-scale skip connections, for our regression task,
51
and it is trained using more than 200,000 segments of MR and E-field pairs for generalizing various parts of the brain 52 and TMS coil positions. After training and optimizing the deep neural network (DNN), the E-fields induced by the 53 TMS coil can be directly estimated from only T1 MR images. In other words, the proposed machine learning approach
54
can be immediately applied to new subjects after scanning the T1 MR images without the time-consuming process of 55 constructing the subject-specific anatomical head model. Another advantage of this approach is that the computation 56 time is only 0.01-0.03 s with a graphics processing unit (GPU), which is markedly reduced from the conventional 57 approach (i.e., a few hours for anatomical segmentation as well as at least several seconds for computation), and 58 allows calculations to be performed in real time during navigated TMS.
59
Materials and Methods
60
Methodological Design
61
Mathematically, the objective of this study is to estimate an E-field y induced by TMS from a brain MR image
62
x and a coil position p. The proposed method is designed based on nonlinear regression problem inputting (x, p) 63 and outputting y. Figure 1 shows the overall design of the proposed method. The method is separated into two 64 phases: a training phase and an application phase. In the training phase, a physical model-based computation method
65
[11] generates the training data (x, p, y) as a supervisor in machine learning. Then, the DNN model is optimized for 66 fitting the training data (x, p, y) so that it imitates the supervisor. After the training using a large number of samples 67 (x, p, y) ∈ D train is complete, the constructed regressor can be applied to a new MR image x with any coil positions 68 p for estimating its induced E-field y . .
86
We considered a parametric nonlinear regression model r(x, p|Θ), where Θ is a set of model parameters. Let D train ⊂ D be a set of training samples. We optimized Θ using the following criterion:
where Ω p stands for the brain region of interest, namely, that with meaningful E-field values. By considering a coil-centered coordinate system (see Supplementary Materials for details), the regression problem is simplified
wherex,ỹ, and Ω 0 stand for the MR image, E-fields, and brain region of interest in a coil-centered coordinate system, Leave-five-cases-out Validation
98
We validated the proposed estimation method of TMS-induced E-fields by training with 32 subjects and testing 
121
Target Regions
122
The E-field distributions on the brain surfaces were compared by using the VCM computation and DNN estima-123 tions to confirm their usefulness for two target areas, a motor area (hand knob area) and a language area (Broca's area) 124 which are considered important in presurgical diagnoses. Note that Broca's area is outside of training set, and here
125
we report the interpolation performance by hand knob area and the extrapolation performance by Broca's area.
126
MR images of five subjects excluded from the training data were chosen, and the coil center was positioned so that 127 it coincided with that of Broca's area or the hand knob area. and RMAD were smaller than 6 V/m and 6 % in hand knob area.
142
Comparing Computation Times
143
We compared the computation times for the VCM and individual DNN models. Intel(R) Core(TM) i7-6850K CPU with a frequency of 3.60 GHz, 128 GB memory, and NVIDIA GeForce GTX 1080
147
Ti. Each value was calculated as the average time consumed for 10,000 trials in TensorFlow with/without GPU.
148
One trial refers to an input of one MR image (i.e., the batch size is one) and an output of one E-field. For reference, our experiments using 32 subjects for training.
160
Discussion and Conclusion
161
In this study, we first applied deep learning to relate E-fields computed by volume conductor modeling and medical 162 images. It was shown that the field distribution can be estimated solely from T1 MR images, without the need for any M A N U S C R I P T
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physical computation. The effectiveness of the proposal was demonstrated by comparing the computed (i.e., by the 164 VCM) and estimated E-fields for stimulating Broca's area and the hand motor area.
165
In conventional volume conductor modeling, the most time-consuming aspect concerns the segmentation and 166 construction of subject-specific anatomical head models. In the proposed approach, segmentation is not required once 167 the machine learning has been conducted. We confirmed that the image of the E-field is provided in 0.024 s accurately 168 in the area of the maximum E-field. This is much quicker than a single computation of volume conductor computation 169 using common software, as well as tissue segmentation from MR images.
170
There are commercially available neuronavigation systems that superpose an empirically estimated E-field on the Therefore, the approach is very practical and could serve as an add-on for existing neuronavigation systems.
181
The approach does, however, suffer from some limitations. The first limitation is common for all VCMs. The
182
proposed approach only allows a direct estimation of the E-field distribution, which is the physical agent of the 
191
The DNN model constructed in this study is specific for one type of TMS coil. Since the induced E-field distribu- issue, and it is included in future work.
202
The size of input/output MR/E-field volume was set as (72mm × 144mm × 24mm) in our experiments, and then 203 limitation of deep surface was 24mm, currently. However, the size of the volume can be easily changed, and extended 204 toward more deep setting based on target applications.
205
The proposed DNN model outputs the magnitude of the induced E-field, which is useful for real-time navigated
206
TMS. However, the model can be modified to output the vector components of the E-field with a marginal changes.
207
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